The coastal Gulf of Maine provides critical habitats for many commercially important fish species. In this study, using data collected from an inshore bottom trawl survey, we evaluated seasonal and annual variations in the spatial distribution of the fish community in the coastal Gulf of Maine. We identified key environmental drivers important in structuring the fish community, including longitudinal strata, distance offshore, depth, bottom temperature, bottom salinity and substrate type. This study suggests linear relationships between the fish abundances and the environmental variables. This linear relationship is more obvious if integrating fish species as a whole group than clustering them into subgroups. However, as large temporal variability exists for some species subgroups in their spatial structure, environmental variables can still be difficult to predict the spatial distributions of species groups. Despite these current limitations, the information derived in this study contributes to critical information for developing spatially-explicit fisheries management strategies such as area closure in the coastal Gulf of Maine.
Introduction
Fish spatial distribution has been shown to be nonrandom, relating to density-dependent or -independent processes (Anderson and Gregory, 2000; Fromentin et al., 2001; Julliard et al., 2001) . Although density-dependent processes, such as inter-and intra-specific competition and predation, are important in structuring species distributions (Shepherd and Litvak, 2004) , impacts of abiotic environmental variables cannot be ignored.
The abiotic environmental variables can include a wide range of factors. Temperature is often considered to be one of the most important environmental variables determining the spatial range of fish species over many ecosystems (Munday et al., 2008; Selleslagh and Amara, 2008) . For example, some temperature-sensitive species, like spiny dogfish (Squalus acanthias) and silver hake (Merluccius bilinearis), may show distinct changes in distribution based on bottom temperature variability (Methratta and Link, 2007a) ; while for some other species, like Atlantic cod (Gadus morhua), juvenile and adult move according to changes in the ambient water temperature and the movements were related to length and maturity levels (Jones and Campana, 2009 ). Many studies have found that depth is another important environmental driver of fish spatial distribution; and the effects of depth are more obvious in more open areas than in riverine and coastal marine ecosystems (Magnussen, 2002; Jaureguizar et al., 2006; Methratta and Link, 2007a; Sanchez et al., 2008) . Salinity, with numerous discharges of freshwater along the coast, is also one of the key factors in influencing the spatial distribution of fish in many ecosystems (Lazarri and Stone, 2006; Childs et al., 2008) . The salinity changes have been shown to affect primary productivity levels in the Gulf of Maine (Ji et al., 2008) , potentially having further affects up the food chain. Besides that, spatial locations defined by longitude and latitude are also important (Tolimieri and Levin, 2006) ; and in coastal regions, distance offshore may also affect fish distribution (Jaureguizar et al., 2007) .
Our understanding of the habitat and the role it plays in regulating fish community structures have become ever more important with the enactment of the Sustainable Fisheries Act of 1996 in the United States, which included a legislative mandate for the identification and the protection and enhancement of essential fish habitat (16 U.S.C. Sec 1801). Congress' recognition of the importance of habitat to the survival, and at this stage, the rebuilding of fish stocks, enforces the need to understand stock distributions and their relations to the surrounding environment.
A good understanding of the spatial distribution of fish species, especially commercially-valuable species, is central to successful fisheries management. During the last two decades, the Gulf of Maine fish community has experienced a substantial change. The groundfish stocks have suffered a large decrease in landings since the early 1990s, from 19 036 metric tonnes (mt) in 1991 to most recent 3 554 mt in 2007 (Maine DMR, 2008) . The lobster industry on the other hand has increased greatly over the same time period with landings doubling and even tripling compared with historical catches (Maine DMR, 2008) . Similar trends can also been found in the fishery independent data (ASMFC, 2000; NEFSC, 2005) . These species have shown some consistent environmental associations over the U.S. fishing history (Wahle and Steneck, 1992; Methratta and Link, 2006, 2007a, b) .
The traditional single-species management, along with the inconsistencies between the scales of ecological processes and the management system and the lack of understanding of ecosystem structure and functions, might have contributed, at least partly, to the current depleted status (USCOP, 2004) . The push both federally and at the local level for an ecosystem-based management approach, along with satisfying and fully implementing the requirements of the Sustainable Fisheries Act, requires a finer analysis of species' distributions and habitat associations.
Although the community structure has a long history in ecological research, there were limited publications on the quantitative analysis of the fish community and their habitats in the Gulf of Maine area. Dijkstra et al. (2007) has compared the temporal pattern of ascidians species and some studies have analyzed the fish community of the Gulf of Maine but focused on the biodiversity (Witman, 1996; Jordaan, 2006) or stability (Bertness et al., 2002) of the system. With such evidence for the role of environmental factors in driving distributions, a need exists to quantify these associations.
In this paper, we evaluated seasonal and annual variations in the spatial distribution of the fish community in the coastal Gulf of Maine using data collected from a fishery-independent inshore bottom trawl survey. Key environmental drivers have been shown to drive spatial patterns in the fish community structure. We predicted that these relationships would be quantifiable within our dataset, further demonstrating the importance of the abiotic factors in structuring fish distributions. The results derived from this study provide the information critical in improving our understanding of the spatial and temporal variation in the fish community structure, which is essential to developing ecosystem-based fisheries management.
Materials and Methods

Study site
The Gulf of Maine (Fig. 1) is a complex and variable shelf water body, covering nearly 103 000 km 2 (Townsend, 1997; Balch et al., 2008) . Its approximate 12 000 km shoreline (Stauble, 2004) comprises various inlets, bays, estuaries, and coastal communities, extending into the Atlantic Ocean nearly 320 km. It averages 150 m in depth (O'Brien, 1999 ) with a maximum depth of 275 m (Uchupi and Austin, 1987) . Fresher Labrador Slope water entering the Gulf via the Northeast Channel between Browns Bank and Georges Bank (Ramp et al., 1985) , along with nearshore flow coming along the southern tip of Nova Scotia (Smith, 1983) , contribute to the Gulf's complexity and signature water column. The bottom topography off the northern coasts of the Gulf is dominated by narrow ridges, small pinnacles, and numerous small channels (Uchupi, 1968) .
Economically, the inshore Gulf of Maine represents an important source of income and support for many coastal Maine communities. These communities have seen a drop in landings by over 50% in most species, with a sole positive trend in lobster landings (Maine DMR, 2008) . The inshore fisheries support 26 000 jobs, directly and indirectly related to the seafood industry, bringing US$860 million per year to the Maine state economy (Schmitt, 2004) .
Survey design
The ability to understand habitat interactions with the fish community is directly related to the ability to survey fish species and their habitats, and the environmental characteristics of the water column. The most commonly used survey gear is trawling, such as otter trawls or beam trawls. Sampling with trawls can overcome depth restrictions, covering a consistent transect width and time, while being cost-effective. However, fisheries surveys in general are susceptible to the differing catchability coefficients for target species (Auster et al., 2001; Sanchez et al., 2008) , possibly leading to biased estimates of fish compositions within the targeted fish community. This, however, should not be a problem for a study focused on the spatial and temporal variations in fish community, as long as survey catchability for a given fish species is relatively constant spatially and temporally. Further, if such catchability is spatially and temporally constant, the fish composition from a trawl survey could be considered as a proxy for the larger fish community structure (Auster et al. 2001) .
Based upon these assumptions, we used the data from the "Maine-New Hampshire Inshore Bottom Trawl Survey" conducted by the Maine Department of Marine Resource (DMR), which began in the autumn of 2000 and continued every spring and autumn since that time.
The data series we used terminates in 2007. The stratified random design of the survey divides the inshore Gulf of Maine off the coast of New Hampshire and Maine into four depth strata: 9-37 m; 37-64 m; 64-100 m; and 100+ m (Fig. 1) , along with five longitudinal regions along the coast. Due to the area's peculiar geography, these zones are divided along longitude rather than latitude, as one moves northeast from the New Hampshire-Massachusetts border to the international line between Maine and Canada. The boundaries of these regions are based on oceanographic, geological, and biological features along the diverse coast ( Fig. 1 ). Each sampling season has a target site number target set at 100 sites, which amounts to a density of one station per 137 km 2 of the targeted survey area (Sherman et al., 2005) .
The sampling gear is a modified shrimp net not designed to target any particular species but rather to target many near-bottom, dwelling species. The net has 2-inch mesh in the wings and ½-inch mesh liner in the cod end. The foot rope and head ropes are 57-feet and 70-feet, respectively, with 6-inch rubber cookies. The gear was designed to be light on the bottom to minimize habitat disruptions. Every tow lasted approximately twenty minutes, depending on bottom type and lobster trap interferences. To avoid bias with different tow lengths the survey abundance were standardized by the tow distance (Sherman et al., 2005) .
Environmental variables
We chose to focus on six environmental variables. In addition to depth, salinity, and bottom temperature, we used two spatial variables including the survey's longitudinal regions. To add an additional spatial component, being aware of the depth and hydrodynamic changes that can occur with increasing movement onto the shelf, we also used distance from shore as an environmental driver. These environmental variables are chosen for their potential direct or indirect effect on fish distribution.
When the survey abundance was recorded, the five environmental characteristics were also recorded simultaneously for each sampling station, including longitudinal strata (numbers-LONSTA), distance to the shore (meters-DIS), depth (fathoms-DEP, 1 fathom = 1.8288 m), bottom temperature (ºC-TEMP) and bottom salinity (Salinity-SAL). The DIS is transformed from longitude (Lon) and latitude (Lat) by using the equation:
where R is the earth radius, i is the survey location, j is the closest point to the survey station in the shoreline.
Besides above environmental variables, we also include substrate type (numbers-SUBTYP). There are four main habitat types: (1) gravelly, (2) sandy, (3) rocky, and (4) muddy/clay. The composite substrate type, sand with subordinate gravel, was used as the fifth substrate type in our study, because it covers most of the all composite substrate stations. The other composite substrate type, such as rock with subordinate gravel and gravel with subordinate rock, which only cover a small percentage of the whole survey stations (~2%), we use the dominant textures of that station as the substrate types.
The main geological map we used to characterize the seafloor materials is from Barnhardt et al. (1998) with the scale 1:100 000. However, that map only covers the Maine coastal area and omits the coastal areas sampled off the New Hampshire coast. For the New Hampshire stations, we used the substrate map from Poppe et al. (2005) with the resolution of 0.00001 decimal degrees.
Statistical analyses
A large number of fish species was selected in our study based on two criteria: (1) the individual of that species was surveyed at least in one station every year, and (2) the average annual appearance frequency was larger than 30%. Those species were also divided into subgroups using hierarchical cluster analysis (CA). The maximum likelihood estimation and Bayesian Information Criterion (BIC) were applied to identify the most likely number of clusters; and R Mclust package for R v.2.11.1 was used to implement CA.
To visualize the data, we applied principal component analysis (PCA) to both the fish abundance data and the environmental data to quantify their spatial structures. PCA is an ordination multivariate technique and has been commonly used for reducing the dimensions of multivariate data without losing inherent information offering an effective way to summarize data of a multivariate nature (McGarigal et al., 2002, p. 19-23) . Additionally PCA allows assessment of the larger physical processes, which result from interactions of the individual environmental components like salinity and temperature, in combination with spatial variables of distance from shore and along-shore positioning. Although some other multivariate statistical analyses can also be used for similar analysis, PCA has been one of the most commonly used methods in fisheries ecological studies (Chen et al., 2008) . All fish abundance data were log-transformed and standardized prior to the data processing.
Regression models were developed for quantifying the relationship between the spatial structure of fish species and the environmental variables. Given that the data from the grouped fishes had been well abstracted in the PCA, we used the first principal component (PC) of each species group instead of the original fish data and set them as the dependent variables. A better fit of the regression model indicates that the fish abundance would be highly influenced by the environmental variables. Such a PCA-based regression analysis approach can overcome the problem of possible correlations between the environmental variables, which are used as the independent variables in the regression analyses (Chen et al., 2008) .
Results
Spatial variability of fish community and environmental variables
A total of 155 species were recorded in the MaineNew Hampshire Inshore Bottom Trawl Survey. We narrowed our study to 29 species for autumn surveys and 25 species for the spring surveys (Fig. 2) , which represented 75.4% and 73.6% of the total surveys records, respectively. These species include not only commercial fishes and invertebrate species but also other species, which may have important roles in the Gulf of Maine ecosystem.
By using cluster analysis, the 29 selected autumn survey species were divided into three species-subgroups (Fig. 2a) ; while the 25 selected spring survey species were divided into two species-subgroups (Fig. 2b) .
The temporal patterns of the key fish species distributions could be documented using the survey results. The spiny dogfish shifted their distribution southward during autumn over the eight survey years (Fig. 3) . The silver hake shifted their distribution between the inshore and offshore areas over the autumn B. surveys (Fig. 4) . The Atlantic cod stock abundance was low prior to 2004 and appeared to increase in the southern area after the 2004 autumn survey (Fig. 5) . Some species were consistently higher in overall abundance compared to other species caught in the Maine-New Hampshire Inshore Bottom Trawl Survey, such as American lobster (Homarus americanus) and Atlantic herring (Clupea harengus) (Figs. 6 and 7) compared to other species such as goosefish (Lophius americanus) and windowpane flounder (Scophthalmus aquosus). For other species, the annual variations of the spatial distribution observed were relatively low. Compared with the autumn surveys, there were fewer observable trends in the spring surveys.
The deepest depth of the survey was approximately 195 m. The bottom temperature ranged from 2.68ºC to 13.69ºC, and the autumn temperature was generally higher than the spring temperature. The salinity of the near bottom layer varied from 27.8 PSU to 34.4 PSU, and the average salinity in autumn was also higher than that in the spring. Over the annual time series of bottom temperature, the values in 2002 and 2006 were always above the average; while the values in the 2004 were always below the average. The annual time series of salinity had similar patterns, though the trend was not as apparent as that in bottom temperature.
Principal component analysis
In the PCA, the first few PCs often explain most of the variations inherent in the original data. Additionally, the weightings of the principal components help identify what contributed most to the differences between the individual sites. In our study, the proportions of the eigenvalues for the environmental variables in each season indicated that the first two PCs provided a good summary of the information inherent in the data. Together, the first two PCs explained about 74% of the standardized variance in the data, with the first PC accounting for approximately 48% of the standardized variance (Table 1 ). Fig. 8 shows the eigenvectors of the first two PCs for the environmental variables in the autumn 2003 survey. The first PC was a combination of all environmental variables except for longitudinal strata. In autumn surveys, temperature shows positive loading (~0.4) on PC1, while depth, salinity, substrate type and distance to the shore, display high negative loadings (~-0.5). However, in spring surveys the loadings of environmental variables have similar values but of opposite signs. The second PC was a combined measure of longitudinal strata and temperature, showing high negative loadings (<-0.5) in autumn surveys but high positive loadings (>0.5) in spring surveys (Fig. 8a, b) . Additionally, seasonal variation of the eigenvectors from the first two PCs was evident. These results were consistent throughout the survey years.
We performed a similar PCA on the log-transformed survey abundance data of various species group and subgroups for each survey. The length of the arrow to each species is proportional to the variance of the species and indicates how well the species is represented by the PCs. The plots of the PC scores for the location numbers in the planes of PC1 and PC2 help to locate the survey stations of the fish species. An example using autumn 2003 data showed that the PC1 contrasted sites with high abundance of species subgroup 1, such as rock crab and haddock, due to their positive values (Fig. 9a) , and species subgroup 2, such as northern shrimp and witch flounder, due to their negative values (Fig. 9b) . The PC2 showed negative loadings for most of the species in subgroup 3, such as American lobster and silver hake (Fig. 9c) . In addition, we also identified regional trends, with the stations in the northeast gathered in the bottom section of the plots (Fig. 9) . The greater the stations' scores on the PCs from the vector origin were the higher anomalous localization of the species. For example, the large negative score of Station 18 on PC2 indicated the high catch rate of species subgroup 2 at this survey station (Fig. 9) . However, the interpretation of the PCs on the survey abundance data was not as obvious as with the environmental variables. The first two PCs for the abundance data only accounted for 43% of the standardized variance, which likely resulted from a lack of correlation among many fish species. After grouping the species into our three subgroups, we found that the eigenvalues within each subgroup of species were lower. The first PC accounted for 27%, 53%, and 28% of the standardized variances of species subgroup 1, 2, and 3, respectively; and the first two PCs accounted for 46%, 66%, and 49% of the standardized variances of the species subgroup 1, 2, and 3, respectively (Fig. 10) .
Regression analyses
The first two PCs of the environmental variables were both significant as the independent variables in the regression model. Again, we used the autumn 2003 survey data as an example. The regression model of the PC1 of the overall species group versus the first two PCs of the environmental variables was significant (R 2 = 0.846, p<0.01). The estimated regression model was PC1 grp =1.3(5.7%)×PC1 env -1.17(9.6%)×PC2 env , where numbers in the parentheses are coefficients of variance. In this model the intercept for all species group and subgroups was not significantly different from zero and therefore excluded. The coefficients of the environmental PCs for all species group and subgroups from each survey were included in Fig. 11 .
Most of the regression coefficients for the overall species group and subgroups were clustered together for both the autumn and spring surveys, showing that the linear relationships were coherent among years (Fig. 11) . However, annual variation for the relationship between spatial structures of some species subgroups and environmental variables were evident, for example, species subgroups 1 and 3 in autumn surveys and subgroup 2 in spring surveys.
From the summary of the R 2 -values for the species groups in the regression analyses, we concluded that the R 2 -values of the overall species group were higher than those of the subgroups (Table 2 ). Within the species subgroups, the R 2 -values for the subgroup 2 were higher than the other subgroups in the autumn surveys. In general, the R 2 -values were higher during the autumn than in the spring surveys (Table 2) .
Discussion
This study evaluated inshore trawl survey data to quantify spatial relationships among and between species groups and environmental variables within the coastal Gulf of Maine. A PCA was used to abstract spatial structures of both environmental data and fish survey abundance data allowing for identification of the linear relationships between environmental variables and species composition.
We restricted our study to the most frequently surveyed species in order to better understand their general patterns in tempo-spatial distributions in the ecosystem. This restriction kept our focus on species that had higher levels of occurrences. In doing so we likely ignored some of the smaller scale events, which likely need to be resolved on a finer scale, due to season-and year-specific environmental effects, such as weather and other finerscale environmental influences.
The grouping of species was essential to identifying spatial associations. Dividing the species into related groups increased the amount of explained variance by the first two PCs, making it possible to use the first two PCs to represent the spatial structure of the fish survey abundance. The grouping was based upon cluster analysis results of appearance data, rather than other morphological or anecdotal-based groupings in order to avoid bias in later statistical analysis results. The relatively higher explained variances for the species subgroup 2 could be attributed to the similar distribution patterns of its component species. These species may have similar behaviors, such as sharing particular habitat for resource or predation reasons as has been shown for flatfish species (McConnaughey and Smith, 2000) or benthic invertebrates (ASMFC, 2000) .
The spatial structures of species subgroups, for example subgroup 2 in the autumn surveys, were well-characterized by the environmental variables, as evidenced by the regression models between the PCs (Table 2) . However, not all species within these subgroups were necessarily influenced equally by the environmental variables or influenced equally during the different sampling seasons. For example, silver hake are known to be temperature-sensitive (Methratta and Link, 2007a) . Thus temperature through PC2 may have had a higher influence on the distribution of this species compared with others subgroups (Brooks and Johnston, 1993) . Our grouping, although able to help distinguish certain trends in spatial association, may have led to some lumping of results for fish species.
The environmental PCs included both environmental and spatial variables. PC1 likely reflected inshoreoffshore processes addressing depth, salinity, distance to the shore, and substrate type differences. Species responses to changes in depth and salinity have been shown to effect their distributions in terms of nearshore versus more offshore locations (Gunderson et al., 1990; Jones and Campana, 2009 ). PC2 reflects along-shore movement, with high loading on the longitudinal variable. Additionally though, PC2 showed high loading from temperature, possibly indicating an effect of circulation along the coast (Pettigrew et al., 1998) .
The relationships between the spatial structures of most fish subgroups and the environmental variables were not stable. For example, the species subgroup 2, though the R 2 -values are higher, the regression coefficients varied among surveys (Fig. 11) . Steneck (1997) highlighted the changes in the structure of the fish community along the Maine coast, including that the community was in a temperate, alternative equilibrium, which may not be temporally stable over large time scales. Our results support such a conclusion, as we could find little coherence in the regression parameters for species groups between seasons and among years. Additionally, environmental changes co-occurring with species shifts could alter the basic relationships among the species.
The annual difference in regression coefficients could have also been due to missing of additional environmental variables. Circulation studies showed that in 2000, for example, a continuous flow along the coast was observed, whereas 2001 represented a year with partial flow-through down the coast and partial veering of the Eastern Gulf of Maine Coastal Currents into the deeper Gulf of Maine (Pettigrew et al., 2005) . Witman (1996) indicated water turbidity might influence the dispersal and settlement of larvae of some species. Also, the concentrations of nutrient and dissolved oxygen may enhance or reduce the primary and thus the secondary production (Townsend and Pettigrew, 1997) . In this study we addressed the major environmental variables that showed consistent forcing across many studies, but additional variables along with biotic variables may need to be incorporated to capture more precisely the spatial structure of the fish community (Jaureguizar et al., 2006) . Although catchability among all of the species surveyed was not equal, as the survey covered complexseeking benthic invertebrates, pelagic species, and sandburrowing flatfish, the maintenance of catchability of these different species across spatial and temporal changes, using the standard protocol for the survey, does lend itself to assessing the spatial structures of fish species (Auster et al., 2001) .
Our use of PCs to summarize the environmental data and fish community data, over other methods, is important to note. Jackson (1993) discussed stopping rules in PCA, which involve the evaluation of statistical significance of PCs leading to problems of "effective degrees of freedom" (North et al., 1982) . This issue is important when we need to use a large number of PCs in further analyses because it is likely some of the PCs may not be statistically significant. This study, however, only uses the first PC for the fish community data and the first and second PCs for the environmental variables, as they are likely to be statistically significant (Jackson, 1993) . However, if we were to decide to include additional PCs, their significance would need to be thoroughly evaluated.
Aside from the PCA, there are other ordination methods that are conceptually similar and could have been applied in this study, such as the detrended correspondence analysis (Aguilar-Perera and Appeldoorn, 2008; Matthews et al., 1992) , the canonical correspondence analysis (Jackson and Harvey, 1993) and non-metric multidimensional scaling (Diggins and Newman, 2009 ). We chose the PCA over the other approaches because, (1) it is an effective and most commonly used ordination multivariate technique to discover the structure of highdimensional data when the data are narrowly lying near a linear subspace, and (2) the new variables (PCs) derived from PCA are uncorrelated with each other.
With the increased emphasis on ecosystembased management, and as required by the legislation (16 USC 1801 (16 USC 1996 Fleeger and Becker, 2008) , the need to understand species distributions and interactions with environmental variables becomes more important. The Maine-New Hampshire Inshore Trawl survey provides a sufficient data set to analyze the distributions of fish species in the coastal Gulf of Maine. Although its reliability for some fish subgroups is uncertain, it offers an additional resource for studying the fish community structure along the coastal Gulf of Maine. Our results indicate that environmental variables can be related to species distributions in this area. With future analysis considering more years and associations, predictions may be possible based on these environmental factors. While many of the commercial ground fish stocks appear depleted, the rebuilding process is essential for continued economic and ecological recovery. The ability to rebuild the productivity of important exploited stocks in the Gulf of Maine also depends upon the understanding and functioning of their spatial structure. This study contributes to the process of yielding the required information in the development of ecosystem-based fisheries management in the coastal Gulf of Maine.
